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Catalana de Recerca i Estudis Avanc¸ats (ICREA), Barcelona, SpainABSTRACT In the last decade it has become evident that disordered states of proteins play important physiological and path-
ological roles and that the transient tertiary interactions often present in these systems can play a role in their biological activity.
The structural characterization of such states has so far largely relied on ensemble representations, which in principle account
for both their local and global structural features. However, these approaches are inherently of low resolution due to the large
number of degrees of freedom of conformational ensembles and to the sparse nature of the experimental data used to determine
them. Here, we overcome these limitations by showing that tertiary interactions in disordered states can bemapped at high reso-
lution by fitting paramagnetic relaxation enhancement data to a small number of conformations, which can be as low as one. This
result opens up the possibility of determining the topology of cooperatively collapsed and hidden folded states when these are
present in the vast conformational landscape accessible to disordered states of proteins. As a first application, we study the long-
range tertiary interactions of acid-unfolded apomyoglobin from experimentally measured paramagnetic relaxation enhancement
data.INTRODUCTIONThe characterization of the structural features of intrinsi-
cally disordered, partially unfolded, and unfolded proteins,
here collectively referred to as disordered states, is an essen-
tial step toward understanding many fundamental biochem-
ical phenomena. This includes protein folding (1),
aggregation and amyloid formation (2), and the function
of intrinsically disordered proteins (3), which represent
a significant fraction of the human proteome (4). Several
studies indicate that the conformational space sampled by
disordered proteins is not random, and complex structural
features in the form of transient tertiary interactions are
almost unequivocally present (5–8). The structural prefer-
ences in disordered states of proteins have been related to
the biological activity (9–15) of these systems and, as
such, considerable efforts have been invested into their
detailed characterization (7,8,16–18). However, the inher-
ently vast conformational landscape accessible to disor-
dered states makes a structure-based approach highly
challenging, from both experimental and theoretical
viewpoints.
A number of experimental techniques can provide valu-
able information on the structural properties of disordered
states. These include, among others, single-molecule Fo¨rster
resonance energy transfer (FRET) (19–21), small-angleSubmitted October 24, 2012, and accepted for publication February 8,
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0006-3495/13/04/1740/12 $2.00x-ray scattering (SAXS) (22–24), and NMR spectroscopy
(25–27). NMR is arguably one of the most powerful tools
to characterize such states, as it provides structural and
dynamical information at atomic resolution. For example,
secondary structural information can be derived from chem-
ical shifts (CSs), three-bond scalar couplings (3J), and
residual dipolar couplings (RDCs), and information on
tertiary interactions is accessible from paramagnetic reso-
nance enhancement (PRE) experiments via site-directed
spin labeling.
Several methods of interpreting experimental data of
disordered states in terms of conformational ensembles are
available in the literature. One of the most common
approaches combines statistical coil models (SCMs), which
account for the random-coil (RC)-like behavior of these
systems, with selection methods, such as genetic algorithms,
which rely on selecting structures from prebuilt pools of
conformations guided by experimental data (17,18,28).
Complementary approaches involve ensemble molecular
dynamics (MD) and Monte Carlo (MC) simulations
restrained by experimental observables (11,29–32).
The first attempt at a structure-based characterization of
long-range tertiary interactions in a disordered state of
a globular folded protein dates back to 1997 (29). In this pio-
neering work, Gillespie and Shortle used a large set of
distance restraints (1 PRE label every 10 residues) to char-
acterize the denatured state of the protein D131D using
restrained MC (rMC) simulations and a single cluster of
conformations. The general trend since then has been to
use fewer PRE data in the calculations while increasinghttp://dx.doi.org/10.1016/j.bpj.2013.02.019
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(17,28,32). Recent studies suggest the possibility of recov-
ering structural properties (long-range interactions, size,
and distance distributions) of disordered states of proteins
using large ensembles and reduced amounts of PRE data
(i.e., 1 PRE label every 30 residues) (17); however, other
studies indicate that significantly larger amounts of PRE
data are required (18,33). Such discrepancies generate
uncertainty regarding the reliability and usefulness of struc-
ture calculation of disordered states of proteins from PREs,
and highlight the inherently low-resolution nature, from the
structural point of view, of ensemble calculations.
In this work, we demonstrate that, in general, fitting the
PRE data to a small number of conformations is sufficient
to provide high-resolution contact maps that enumerate
the transient long-range interactions in disordered states of
proteins. The strategy for the characterization of transient
tertiary interactions in disordered proteins that we put
forward focuses on maximizing the resolution of the
description of residues involved in such interactions, which
is the sole property encoded in PREs, and purposely does
not aim at describing other structural features, such as inter-
residue distance and size distributions, which are not en-
coded in PREs and therefore depend on the model used in
the structure calculations. We validate our strategy by using
computational experiments where we assess the ability of
the structure-calculation protocol to describe, from
synthetic PRE results, the transient long-range interactions
present in a variety of complex, computer-designed ensem-
bles with properties similar to those expected in disordered
proteins of biomedical relevance. Our results indicate that,
almost universally, PREs can report with high accuracy on
transient tertiary interactions with populations as low as
a few percent, provided that one PRE label is placed roughly
every 15 residues. Finally, we illustrate the applicability of
our structure-calculation protocol by characterizing the
long-range tertiary interactions of the acid-unfolded apo-
myoglobin from experimentally measured PREs and
provide stand-alone software implementing the calculation
protocol.METHODS
Theoretical considerations of PRE
The PRE is caused by the dipolar interaction between a nucleus and the
unpaired electron of a paramagnetic center, which results in an increase
in the relaxation rate of nuclear magnetization. The usefulness of PREs
in structural biology stems from the distance dependence of the nuclear
spin relaxation, that allows relaxation rates to be translated into effective
distances between the paramagnetic center and reporter spins, which are
typically backbone amides. Unlike FRET, the PRE affords the simulta-
neous measurement of distances between the paramagnetic center and
any nonproline backbone amide of the protein. Site-directed spin-labeling
strategies are most commonly used to obtain distance information from
PRE effects. Typically a thiol-reactive nitroxide label is tagged to a protein
that contains a single cysteine residue located at a desired position. Thethiol-reactive methanethiosulfonate spin label (MTSL) is most commonly
used (Fig. 1).
Conventionally, PRE rates are determined by a comparison of amide
crosspeaks in a 1H-15N heteronuclear single-quantum coherence spectrum
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where I is the peak intensity (height) of the signal, R2red is the intrinsic
transverse relaxation rate measured for the diamagnetic (reduced) reference
sample (e.g. 4-6 s1), R2sp is the electron-spin contribution to the total
relaxation rate (Eq. 2), tINEPT is the total INEPT evolution time of the het-
eronuclear single-quantum coherence experiment (e.g., 10 ms), rIS is the
vector distance between the unpaired electron and nuclear spins (i.e., proton
amide), tC is the correlation time for the electron-nuclear interaction vector
(i.e., 4 ns), and u/2p is the Larmor frequency of the nuclei (i.e., proton
amides). The constant K is 1.23  1032 cm6 s2 for a nitroxide radical,
where m0 is the magnetic permeability of the vacuum, mB is the magnetic
moment of the free electron, gI is the nuclear-spin gyromagnetic ratio, s
is the electron-spin quantum number, and gS is the electron g-factor. Other
NMR methods for the determination of PREs, such as the direct measure-
ment of 1H relaxation rates, which presents important advantages, have
been implemented (8,35–37). A theoretical framework that models explic-
itly the MTSL label in the calculation of PREs from structures and confor-
mations has also been put forward in the literature (17,35) and is tested in
this work (see Structure calculation protocol, below).
In this work, we focused on the analysis of transient long-range interac-
tions in disordered proteins from PREs measured as intensity ratios, which
is the more commonly reported quantity in the literature. As mentioned in
Xue et al. (37), a more accurate approach is to take ratios of peak volumes.
However, this approach has also a number of fundamental issues, as dis-
cussed by Clore and Iwahara (36), who recommend direct measurement of
R2 relaxation rates (36,38) for the paramagnetic and diamagnetic samples.
To account for these issues, all structure calculations based on intensity ratios
were carried out after adding a generous Gaussian random error with a mean
of 0 and a standard deviation of 0.1 (see Structure calculation protocol).
For a given conformation, PREs can be related to the distance from the
paramagnetic center to a given nucleus (Fig. 1 A). In Fig. 1 B, we represent
a hypothetical protein separately labeled at two sites and the range of the
corresponding Iratio (Eq. 1) values. Iratio values close to one correspond to
nuclei (residues) that do not experience relaxation enhancement due to
the PRE (beyond the range of action of PREs; Fig. 1 A). In practice,
distances <10 A˚ are indistinguishable due to the extremely fast relaxation
of the nuclear magnetization, and distances>25 A˚ do not lead to significant
perturbation of the intensity of NMR signals (the exact values depend on the
label and nucleus involved).
In the fast-exchange regime on the PRE timescale, when the difference in
PRE rates between the species is significantly less than the exchange rate
between the species, a condition that applies to disordered proteins, the
measured relaxation enhancement R2sp corresponds to the weighted popu-
lation average of the relaxation rates (<R2sp>) of the interconverting
species (36), as shown in Eq. 4, where i is a contributing conformation of
the ensemble ens with population pi. Under such circumstances, and due
to the r-6 distance dependence of the PREs (Eq. 2), conformational statesBiophysical Journal 104(8) 1740–1751
FIGURE 1 Overview of PRE and computer-designed ensembles. (A) Dependence of PRE intensity ratio Iox/Ired on the distance between a paramagnetic
center covalently attached to a residue (e.g., an MTSL label) and an amide group (1HN). Distances <~10 A˚ are indistinguishable, as are those >~25 A˚. (B)
Theoretical PRE intensity ratio for labels at residues 1 and 38 in an arbitrary protein conformation (blue spheres). Neighbors within ~25 A˚ of the labeled
residues appear as decreased intensities. The first label (attached to residue 1) yields information on interresidue interactions in the proximity of regions I–III,
whereas the second label (attached to residue 38) provides long-range contact information on regions III0 and IV0. Intensity profiles for RC models are shown
as dashed lines. (C) Representative structures containing designed interactions (red) are shown for ensembles of a-synuclein, ubiquitin, and Ab42. Gray
regions were not restrained and, as a consequence, behave like an RC (not shown for clarity). (D) PRE intensity ratios for several labeled residues in the
Ub-unfolded-folded ensemble. PRE profiles of fitted (red) intensities to noise-corrupted (blue) intensities are shown. Intensities with no added error are
shown in black.
1742 Silvestre-Ryan et al.with short distances (<25 A˚) are heavily weighted even when they are
scarcely populated (e.g., 1%). Note that, due to the conformational hetero-
geneity of these systems, PREs, like nuclear Overhauser effects (39–41),
reflect a highly skewed distance average that is largely insensitive to the















Computer-designed synthetic ensembles used
for the validation of the structure-calculation
protocol
We systematically addressed the ability of our methodology to report on
transient long-range interresidue interactions in disordered states ofBiophysical Journal 104(8) 1740–1751proteins from PRE data by means of computational experiments. To this
end, we first generated a set of computer-designed reference ensembles.
Then, synthetic PRE data were derived from these reference ensembles
using Eq. 1 (a theoretical framework that models explicitly the MTSL
(17,35) label was also addressed; see Structure-calculation protocol).
Finally, the synthetic PREs were used as an input in our restrained MC
simulations. A comparison of the structural properties of the computer-de-
signed reference ensembles (also referred to as target ensembles) with those
derived from the synthetic PREs (referred to as calculated ensembles)
provide a stringent validation of the information that these NMR parameters
provide.
As representative disordered states we selected the proteins amyloid b 1–
42 (Ab42, 42 residues), chemically denatured ubiquitin (76 residues), and
a-synuclein (140 residues). To test different scenarios, we designed
different patterns of long-range interactions arising for various types of
residual tertiary structure for each of the proteins studied (Table S1 in the
Supporting Material). In Fig. 1 C, we show some representative conforma-
tions of the target ensembles used in this work, where the designed
PRE-Derived High-Resolution Contact Maps in Disordered Proteins 1743interactions are highlighted in red. Residues between interacting regions
(shown in gray) were fully unrestrained and, therefore, follow RC-like
behavior (not shown for clarity). The number of conformations present in
the target ensembles was set to 10,000. To reflect the low population of tran-
sient tertiary interactions, the conformations with designed interactions
were diluted with the RC ensemble (defined by a lack of persistent
secondary and tertiary interactions) to the desired population. Unless stated
otherwise, structure calculations referred to in the main text of the manu-
script use PRE data derived from target ensembles with interresidue
contacts with a population of ~5%. Calculations for target ensembles
with interactions populated at 1% and 10% are provided in the Supporting
Material.
For chemically denatured ubiquitin, we studied three scenarios: 1),
Ub-unfolded-simple, where only one contact is present in an otherwise
RC ensemble; 2), Ub-unfolded-complex, which differs from the former in
that five interactions are present; and 3), Ub-unfolded-folded, which
contains conformations of folded ubiquitin taken from the ERNST (42)
ensemble (PDB code 1KOX). For the Ab42 target ensemble (Ab-Disor-
dered), we designed three conformations with a b-sheet-like arrangement.
For the a-synuclein target ensembles (aS-Disordered), we designed confor-
mations with N/C-terminal interactions, among others. In all cases the inter-
actions were populated at 1%, 5%, or 10% to analyze the sensitivity of
PREs to the presence of long-range interresidue contacts.
It is important to note that structural features of the target ensembles
other than long-range interactions were not explicitly designed (e.g., Rg
distribution), so that their values in the computed ensembles solely depend
on the model used for constructing them. In this work, conformations with
specific interresidue interactions were generated by distance-restrained MC
simulations with a hard-sphere repulsive potential between all atoms (see
Structure-calculation protocol). For the target ensembles, imposed interac-
tions were defined as Ca-Ca distances <12 A˚.Structure-calculation protocol
All calculations were performed using in-house software developed for this
purpose named SCOOBE (structure calculation of optimized biomolecular
ensembles), which is available for download from http://lmb.irbbarcelona.
org. SCOOBE uses a restrained MC framework in combination with PRE
and SAXS restraints to fit experimental data to ensembles of user-defined
size. To drive the MC simulations, the RMSD between calculated and target










where N is the total number of PREs. The conformational space of the poly-
peptide chain was explored by performing random rotations, between 1
and 10, on randomly selected backbone dihedral angles. The maximum
change in a dihedral was decreased simultaneously with temperature to
a minimum of 1 change at the lowest temperature. The moves were
accepted according to MC Metropolis criteria. Before the restrained MC
simulations, 10,000 unrestrained MC steps were performed. Over the
course of the restrained simulation, the temperature was decreased 1000-
fold exponentially with a scaling factor of 1.1. At each temperature,
100,000 steps were performed. The same number of steps was used for
all ensemble sizes. A hard-sphere potential of 3 A˚ between all Ca atoms
in the proteins was used to avoid major overlaps in the backbone while
preserving computational speed. Explicitly modeling the MTSL label
(see Salmon et al. (17) and Iwahara et al. (35)), where 10 conformers/
MTSL were generated randomly at each step of the calculation while avoid-
ing overlap with the rest of the protein atoms, and use of the full-atom over-
lap model had no impact on the results other than to significantly increase
computational time. Energy minimization using the AMBER force field in
GROMACS (43) left the calculated structures essentially unchanged.In all calculations performed in this work, Gaussian noise simulating
experimental error (m ¼ 0, s ¼ 0.1) was added to all synthetic intensity
ratios (Eq. 1, Fig. 1 D). These profiles were then used as the input in the
structure calculations. For each case, 20 independent calculations were per-
formed (including 20 calculations for each PRE label used for cross-valida-
tion (CV)), and the results of these calculations were pooled before
computing the contact maps. For each calculation, a new set of PRE inten-
sities with added error was used. For apomyoglobin, experimentally
measured PRE data from 14 labels were taken from Felitsky et al. (16).
SAXS profiles were calculated from an in-house implementation of the
FoXS algorithm (44,45) inside SCOOBE.Determination of the optimal ensemble size
and PRE labeling scheme
Ensemble sizes of 1, 2, 5, 10, 20, and 50 were tested. In the study of the
optimal ensemble size, 1 PRE label every 10 residues was used in all the
restrained MC (rMC) simulations. The cross validation of the optimal
ensemble size followed a leave-one-out strategy. As a metric to evaluate
the ability to predict PRE data left out of the calculations, we determined
the root-mean-square deviation between predicted and target PRE data
(RMSDfree). Twenty independent cross-validation calculations were per-
formed for each PRE label left out of the calculation.
For the study of the optimal number of PRE labels, these were distributed
evenly across the proteins studied at ~1:10, 1:15, 1:20, and 1:40 (NPRE/Nres)
frequency ratios. The cross-validation of the optimal ensemble size pro-
ceeded according to a leave-one-out strategy as described above. Twenty
independent cross-validation calculations were performed for each PRE
label left out of the calculation. Different random Gaussian noise was intro-
duced for each run. SAXS profiles were averaged linearly across ensemble
members.RESULTS AND DISCUSSION
A single conformer can fit large sets of PRE data
derived from complex disordered states of
proteins
We have implemented a computational methodology termed
SCOOBE that efficiently extracts from PRE data long-range
interactions present in disordered states of proteins at high
resolution, even at low abundance of the interactions. To
validate the methodology we designed a broad range of
synthetic target cases (see Methods). The synthetic target
ensembles studied here include denatured and natively
disordered states of proteins (chemically denatured ubiqui-
tin, Ab42 peptide, and a-synuclein), as well as systems con-
taining simultaneously folded and unfolded conformations
(unfolded and folded ubiquitin). The latter scenario would
occur at a relatively high concentration of denaturant in
the chemical denaturation of a protein with a well-defined
free energy barrier separating the native and denatured
states. The proteins studied vary in size and are character-
ized by different patterns of transiently formed tertiary inter-
actions, which differ also in complexity and population.
This collection of disordered ensembles, together with the
computationally efficient program developed for this
work, has allowed us to systematically test the structural
features that can be recovered from PRE data, to provideBiophysical Journal 104(8) 1740–1751
1744 Silvestre-Ryan et al.a robust recipe for their analysis, and to assess the limita-
tions of using this NMR parameter.
In this section, 1 PRE label every 10 residues was used in
all the restrained MC (rMC) simulations. Taking into
account that a labeled residue spans ~25 A˚, and that the
maximum distance between two labels separated by 10 resi-
dues is ~38 A˚, this ratio is sensitive to the presence of inter-
actions between any two regions of the protein. As we show
below, this number of PRE labels allowed universal
recovery of the residual tertiary structure of disordered
systems as captured by the contact map, a projection of tran-
siently formed tertiary interactions. Calculations were per-
formed with and without explicit modeling of the MTSL
label (see Structure-calculation protocol and articles by
Salmon et al. (17) and Iwahara et al. (35)). Explicit
modeling had no impact on the calculations except to signif-
icantly increase computational time, and therefore, the
results presented here are those obtained without explicit
modeling of the MTSL label.
In Fig. 2 A, we show the fitting of PRE data for the target
cases at increasing ensemble size (from 1 to 50 structures).
As a metric to evaluate the quality of the fit we used the root-
mean-square deviation between reference and calculated
PREs (RMSDwork). In all calculations performed in this
work, Gaussian noise modeling experimental error was
added to the calculated PRE intensities (m ¼ 0, s ¼ 0.1;
Fig. 1 D). In each case, 20 independent calculations were
performed. In all cases, it was possible to fit the data within
typical experimental errors (~0.1). This result is almost
independent of the ensemble size used in the rMC simula-
tions and the structural features of the target ensembles,
i.e., complexity of the residual tertiary structure. In some
cases, more than one conformation was required to fit the
data within experimental error (e.g., Ub-unfolded-folded).
No significant differences were observed for target ensem-
bles that differed in their population of interresidue contacts
(Fig. S1).
We found that a single structure sufficed in most cases to
fit the PRE data from complex schemes of tertiary interac-
tions present in disordered ensembles as well as to capture
remarkably well the tertiary interactions of the target
ensembles (see below). We note that the ensembles are
only used as intermediate steps to calculate interresidue
contact maps (see below); for this reason, the calculated
structures (at any ensemble size) cannot be interpreted, in
general, in terms of representative conformations present
in solution, even though they are consistent with molecular
mechanical force fields. There are some examples in the
literature, including a denatured protein and an intrinsically
disordered protein, that successfully fit large amounts of
experimentally measured PRE data (1 PRE label every 10
residues). In both cases, structure calculation methods
were used (MC and MD simulations) (11,29,46). Interest-
ingly, methods that rely on a predefined pool of structures,
typically containing tens of thousands of conformations,Biophysical Journal 104(8) 1740–1751require hundreds of structures to fit three to four times
less PRE data (17,28).
For the selection of the best ensemble size we used cross-
validation against PRE data not used in the calculations. In
our case, we aim at selecting an ensemble size that best
reproduces long-range interresidue interactions as well as
their underlying populations. In Fig. 2 B, we present CV
calculations in which each of the PRE labels used was indi-
vidually left out of the calculations and the average devia-
tion was calculated. All ensemble sizes were able to predict
the unrestrained PREs to a similar extent (Fig. 2 B). Differ-
ences in RMSDfree between different ensemble sizes can be
accounted for by their standard deviations (~0.05). No signif-
icant differences were observed between target ensembles
differing in their population of interresidue contacts
(Fig. S1). Overall, as a consequence of all ensemble sizes
fitting equally well the data, we found it difficult to select
an optimum ensemble size based solely on PRE data.
The use of experimental information from independent
techniques is a powerful approach to validate the quality
of models and, therefore, to select an optimum ensemble
size. To aid in the selection of the optimal ensemble size,
we implemented in our structure-calculation protocol the
prediction of the SAXS profile (44,45) for the ensemble of
conformations under study. Fig. 2 C shows CV calculations
against SAXS profiles. The agreement with the target
ensembles improves as the ensemble size increases. Based
on this, an optimum ensemble size of >20 members would
be selected. However, as previously noted (33), the
improved agreement as the ensemble size increases corre-
sponds to a situation in which the individual conformers
become rapidly and progressively unrestrained. As a result,
Rg systematically increases until a plateau value is reached,
which corresponds to the Rg value of the RC model used
(i.e., it is a function of the method used to generate the
random coil). In fact, in the absence of experimental PRE
restraints, the same CV trend is observed (Figs. 2 C, inset).
Moreover, as we show below, no additional information
with regard to the nature of long-range interresidue interac-
tions or population of interresidue contacts is gained by se-
lecting ensembles that best reproduce SAXS data. We
nevertheless wish to emphasize that the inability of SAXS
to provide such additional information is only in regard to
its use in CV of disordered systems. We conclude that the
optimal ensembles sizes range between 1 and 10 members,
depending on the system, and that, within this range, the
contact maps that are obtained are consistent.A single conformer suffices to map transient
long-range interresidue interactions in complex
disordered states of proteins at high resolution
To assess the ability of our strategy to directly capture the
interactions present in the target ensembles, we compared
the interresidue contact maps, which represent a powerful
FIGURE 2 High-resolution mapping of long-range tertiary interactions in complex disordered protein states as a function of ensemble size (Nrep). (A) Fit to
synthetic PRE intensities (RMSDwork; standard deviation ~0.01). (B) CVagainst PREs left out of the calculations (RMSDfree; standard deviation ~0.05). The
agreement with PREs derived by randomly chosen conformations from a pool of 104 structures (20 repetitions were made for each ensemble size) is also
shown (inset). (C) CV against SAXS for ensembles derived from PRE-restrained (solid lines) and unrestrained (inset) MC simulations. (D) Contact maps
determined by rMC simulations as a function of ensemble size. Dashed boxes highlight the tertiary contacts designed for the disordered ensembles; those
for Ub-unfolded-folded correspond to the native structure of ubiquitin. For Ub-unfolded-complex, these are numbered for clarity (see Fig. 1 C). In all cases,
synthetic PRE data (~1 PRE label every 10 residues) calculated from target ensembles with a population of interresidue contacts at 5% were used. The in-
terresidue contact maps were derived by pooling the results of 20 independent calculations (performed at each ensemble size). Additional target ensembles
and maps are given in Figs. S1–S4. The residues labeled are listed in Table S2.
PRE-Derived High-Resolution Contact Maps in Disordered Proteins 1745projection of the tertiary structure present in conformational
ensembles of disordered proteins. In Fig. 2 D, we present
calculated and reference contact maps for ensembles of
different size (see also Figs. S2–S4). The two halves of
the maps correspond to interaction maps calculated usingcut-offs of 10 A˚ (upper half) and 15 A˚ (lower half). A
dashed box indicates the designed interactions of the target
ensemble.
Visual inspection of the target (Fig. 2 D and Figs. S2–S4,
first column) and calculated contact maps shows that byBiophysical Journal 104(8) 1740–1751
1746 Silvestre-Ryan et al.using 1 PRE label every 10 residues, our MC calculations
generate a contact map that reproduces the presence and
absence of interactions. Ensembles with one conformer
sufficed to capture the tertiary interactions of complex disor-
dered states except for the case of folded-ubiquitin ensem-
bles. In all cases, a small amount of false positives was
observed due to the large number of PRE labels used in
the calculations. At large ensemble sizes, false negatives
can predominate (see Fig. 2 D, upper half of each map),
despite the good fit of the PREs (Fig. 2 A), suggesting the
advantage of representing the long-range interactions by
fitting the PREs to ensembles with a low number of
structures.
A decrease in the population of interresidue contacts is
observed with increasing ensemble size (Fig. 2 D). We
term this process contact dilution. It reflects the ambiguity
of PREs in terms of recovering distances and populations
when these two properties are determined simultaneously.
Increasing the ensemble size is expected to give rise to
broader interresidue distributions that, for large ensembles,
are given by the model used in the calculations (Fig. S5).
This effect likely explains why raw contact maps, reporting
on the fraction of structures for which the distance between
a pair of residues is below a certain cutoff, are rarely shown
in the literature when relatively large ensembles are being
determined. Instead, a comparison with a reference, arbitrary
ensemble on a logarithmic scale is shown (17,28,30–32). As
an example, calculated maps using logarithmic ratios
between interactions or distances in the calculated ensemble
relative to an RC ensemble are shown in Figs. S6 and S7.
The decrease in population of interresidue contacts
observed with increasing ensemble size (Fig. 2 and Figs.
S2–S4) suggests the possibility of determining the popula-
tion of interactions in the target ensembles. However, our
ability to fit the data independently of the ensemble size
indicates that the reduction in population of interresidue
contacts with increasing ensemble size likely reflects that
the conformations in the ensembles become progressively
unrestrained as the ensemble size is increased. As a result,
in most cases the population of calculated interactions for
ensembles of a given size remained the same, independent
of the population of interresidue contacts in the target
ensembles (Figs. S2–S4).
Finally, we have directly addressed the minimal popula-
tion of interresidue contacts and the complexity that can
be confidently recovered from PREs. To this end, we
repeated the calculations with target ensembles with interac-
tions populated at ~1% and compared those with calcula-
tions at 5% and 10%. We find that for contacts populated
at 1%, the main features of the target ensembles can be
captured, although the quality of the interaction maps
clearly deteriorates (Fig. S2), especially as the ensemble
size is increased.
Our results suggest that the ensemble size is in most cases
essentially irrelevant for the representation of long-rangeBiophysical Journal 104(8) 1740–1751tertiary interactions in these systems provided that the
data are properly fitted and enough PRE labels are employed
(see below). Moreover, no information on the population of
the contacts can be derived from PRE data alone, at any
ensemble size, for disordered states of proteins.Evaluation of the optimal number of PRE labels
necessary to capture tertiary interactions at high
resolution
We also performed a systematic study on the number of PRE
labels required to reliably determine contact maps in disor-
dered states of proteins. In Fig. 3, A and B, we present the
fitting and cross-validation calculations for ensembles of
size 1 using different numbers of PRE labels. In most cases,
the agreement was below experimental error (~0.1). Larger
numbers of restraints led to slightly worse fitting of the data,
as it is more difficult to minimize the system (Fig. 3 A).
Similar results were obtained for an ensemble size of 5
(Fig. S8). As expected, increasing the number of labels
also increased the predictive power of the model (Fig. 3 B
and Fig. S8). Based on these results, we found it difficult
to set the minimum number of PREs required to properly
describe the tertiary interactions in disordered states of
proteins. In any case, we can estimate this number to be 1
PRE label every 15–20 residues (Fig. 3 B and Fig. S8).
We also analyzed the ability of the method to recover
structural features of target ensembles as a function of the
number of PRE labels. In Fig. 3 C, we show the contact
maps for ensembles determined with a decreasing number
of PRE labels per residue (see also Fig. S9 for additional
maps). We found that placing one label every ~15 residues
allowed recovery of the contact maps in terms of the pres-
ence and absence of interactions. Using <1 PRE label every
20 residues can introduce severe artifacts in the contact
maps. In this situation, for the case of ensembles with one
conformer, mostly false positives are observed. This results
from the compaction of the conformer, as regions without
labeled residues that do not interact are likely to end up
close in space. For larger ensemble sizes, both false posi-
tives and negatives appear (Fig. S9).Representation of disordered states: average
structures versus conformational ensembles
The undeniably dynamic character of biological macromol-
ecules makes the use of conformational ensembles, rather
than conventional average structures, a valuable strategy
to represent the structural information contained in experi-
mental data. It is indeed the case that, provided sufficient
information is available from experiments, conformational
ensembles can, in principle, report on the distributions of
structural properties such as interresidue distances, the pres-
ence of correlated motions, or other global properties of bio-
macromolecules. A potential drawback of conformational
FIGURE 3 Evaluation of the optimal number of PRE labeling ratio required to recover at high-resolution long-range tertiary interactions in complex disor-
dered states of proteins. (A) Fit to synthetic PRE intensities (RMSDwork). (B) CV calculations against PREs left out of the calculations (RMSDfree). Results for
an ensemble size of 1 are shown (see Figs. S8 and S9 for an ensemble size of 5). (C) Contact maps determined for ubiquitin, Ab, and a-synuclein target
ensembles using different numbers of PRE labels for calculated ensembles of size 1 (see Fig. S9 for an ensemble size of 5). Dashed boxes highlight the
tertiary contacts designed for the disordered ensembles; those for Ub-unfolded-folded correspond to the native structure of ubiquitin.
PRE-Derived High-Resolution Contact Maps in Disordered Proteins 1747ensembles is that it is not always clear what information is
encoded in the data and in the model used for the calcula-
tions. Average structures, while potentially unphysical,
have as a main advantage that they can be often unequivo-
cally defined from the experimental data due to the reducednumber of degrees of freedom, and in addition can in favor-
able scenarios report on structural properties that faithfully
match those of the underlying ensemble.
The most appropriate representation for a given system
depends on the amount and type of experimentalBiophysical Journal 104(8) 1740–1751
1748 Silvestre-Ryan et al.information available, as well as on the nature of the ques-
tion addressed. We find that, despite the vast conformational
space accessible to disordered proteins, a high-resolution
characterization of long-range interactions in these systems
from PRE data in the form of interresidue contact maps can
be achieved by fitting the data to a small number of confor-
mations, which can be as low as one. Note that for disor-
dered proteins, no information on the simultaneity of
interactions can be derived from PRE data independent of
the ensemble size used for the calculations. However, the
possibility of fitting the data to single average-structure
representations opens up the possibility of determining the
topology of cooperatively collapsed and hidden folded
states, whenever these are contained within the vast confor-
mational landscape accessible to disordered states of
proteins. A not-yet-resolved task is to experimentally distin-
guish truly cooperatively collapsed states from states where
the interactions are not simultaneous (work in progress).Experimental mapping of long-range interactions
in apomyoglobin
To demonstrate the ability of our approach to determine in-
terresidue long-range contact maps in disordered states at
high resolution, we investigated the protein apomyoglobin
(apoMb, 153 residues) in its acid-unfolded state (pH 2.3).
We judged this system adequate for this purpose because
a large set of PREs (14 MTSL labels) is available for it
with a favorable ratio of 1 PRE every 10 residues, in full
accordance with our theoretical requirements obtained using
synthetic cases. Hence, our study would allow a high-reso-
lution determination of the contact map of acid-unfolded
apoMb, which represents its transiently formed tertiary
structure. Such a characterization is of special interest, as
this protein is a prototypical system for the study of protein
folding pathways, as well as for the structural elucidation of
folding intermediates.
At neutral pH, apoMb is marginally stable and adopts
a tertiary structure similar to that of the holoprotein except
for the C terminus of helix H and the F helix, which are
disordered (Fig. 4 A). In the presence of urea (8 M) and at
low pH (2.0), apoMb is devoid of persistent secondary and
tertiary structure (47), remains expanded (Rg ¼ 35 A˚)
(48), and displays transiently collapsed N- and C-terminal
regions (16). At pH 2, apoMb slightly compacts (Rg ¼
30 A˚) (48), presents a small degree of residual secondary
structure (15% helicity) (47), and, in addition to transiently
collapsed N- and C-terminal regions (16), presents N/C tran-
sient interactions, as probed by PREs.
As expected from our work with computational experi-
ments, our method efficiently fitted the extensive PRE
data to ensembles of various sizes (Fig. 4 B). For each
ensemble size, 20 calculations were performed and the
average contact map is represented. The agreement with
experimental PREs is close to typical experimental errorBiophysical Journal 104(8) 1740–1751in all cases, as was the case for the synthetic cases studied
(Fig. 3 A). No significant differences are observed between
ensembles of increasing size. CV calculations are shown in
Fig. 4 B, in which simulations leaving out each one of the
PRE labels individually were performed (20 independent
calculations were run for each case). As for the synthetic
cases (Fig. 2 B), we found that it was not possible to select
an optimum ensemble size based solely on CV calculations
against PREs. Again as expected, CV calculations against
the experimentally determined Rg value (30 A˚) indicated
that large ensemble sizes provide a better representation
of the dimensions of the unfolded state of apoMb (Rg for
ensemble size 10–50 ~33 A˚). However, and as shown for
the synthetic cases studied above, no additional information
with regard to long-range interresidue interactions was
gained by CV against SAXS.
In Fig. 4 C, the contact maps obtained for ensembles of
different size are presented. The two halves of the maps
correspond to interaction maps calculated using cutoffs of
10 A˚ (upper half) and 15 A˚ (lower half). As shown for the
synthetic cases, the contact maps differ in the populations
of interactions,which dilute as the ensemble size is increased.
For an ensemble size of 50, some interactions disappear,
despite the PRE data being fulfilled (Fig. 4 B). Overall, the
interaction maps determined show a local collapse of the
N- and C-terminal regions. This includes native (GH), as
well as nonnative (AB and AC), interactions between known
helices formed in the native state of the holoprotein. More-
over, there are native (AH and BG) and nonnative (AG) inter-
actions between the N- and C-terminal regions. An analysis
of the accessible area buried upon folding (49) suggests
that the contacts are driven by hydrophobic interactions.
An additional conclusion based on our results is that it is
possible to determine a single conformation that fulfills the
PRE data. Fig. S11 shows the obtained average structures
for apomyoglobin at pH 2.3, which correspond to a chimeric
headphonelike fold. These structures reflect the disordered
nature of helices E and F, which appear extended, as well
as the collapsed nature of the remaining protein regions,
and they have a radius of gyration that corresponds to that
of the folding intermediate of apomyoglobin determined
using time-resolved SAXS (50). Although it is possible
that the topology of the conformation determined is that
of a cooperatively collapsed state of apoMb at pH 2.3,
a possibility previously suggested based on the observation
that interactions between different regions in the N- and
C-terminal regions were populated to a similar extent
(16), this is not directly encoded in PREs (work in this direc-
tion is in progress) and it would be necessary to carry out
additional experiments to confirm it. Finally, we wish to
emphasize that although interresidue-contact maps can be
determined at high resolution, this is not related to the reso-
lution of the structures calculated, which, moreover, cannot
be interpreted in general and at any ensemble size in terms
of representative conformations present in solution.
FIGURE 4 High-resolution determination of long-range interresidue tertiary interactions in denatured apomyoglobin. (A) Structure of holomyoglobin
(51). (B) Fitting of PREs (black, 14 PRE labels) and CV (red) calculations using rMC simulations for ensembles of increasing size (Nrep). (C) Contact
maps as a function of ensemble size (Nrep). The interresidue contact maps were derived by pooling the results of 20 independent calculations (performed
at each ensemble size). The per-residue accessible area buried upon folding is shown. Note that in general, calculated structures of disordered systems
from PRE data alone (at any ensemble size) cannot be interpreted in terms of representative conformations present in solution (work on this is in progress).
Fitted PRE profiles and an illustration of the chimeric headphonelike fold derived by fitting PREs to one conformer are given in Figs. S10 and S11.
PRE-Derived High-Resolution Contact Maps in Disordered Proteins 1749CONCLUSIONS
We have here shown that a MC structure-calculation
method restrained by NMR PRE data allows characteriza-
tion at high resolution of the interresidue contact map of
disordered states of proteins, which reports on the transient
interresidue long-range interactions. Extensive validation
of our methodology indicates that tertiary interactions are
realistically and accurately recovered provided that 1
PRE label is placed every ~15 residues, these are popu-
lated up to a few percent, and structure-calculation
methods are used (e.g., MC). What is notable from our
approach is that ensemble size is not a determining factor
for fitting PRE data or accurately recovering interactions.
The observation that PREs of complex disordered states
can be fitted to a low number of structures opens up the
possibility of determining the structure of cooperatively
collapsed and hidden folded states within the vast confor-
mational landscape accessible to intrinsically disordered
proteins and denatured states of proteins. As a first appli-
cation of the approach described here, we have character-
ized the contact map for the acid-unfolded state of apoMb(pH 2) using 14 experimentally measured PRE labels that
we fit to a single conformer with a headphonelike topology
that may correspond to the hypothetical cooperatively
collapsed state formed by apomyoglobin under denaturing
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